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Abstract Aimed at entity recognition in the field of nonferrous metal, and oriented the complex and
strongly nested structure characteristics of domain entity such as product names, organizations, and
placenames, it is proposed a kind of nonferrous metal industry entity recognition model based on deep
neural network (DNN) architecture. In order to effectively use the characteristics of tight combination
between the characters of domain entity and to bypass the Chinese words segmentation in the
professional field, the model uses neural networks to automatically learn the word embeddings vector
representation of Chinese characteristics as its inputs. The denoising autoencoder (DAE) of text
window makes some pre-training on each DNN hidden layer. The pre-training extracts optimal feature
vector combination which will be used in nonferrous metal domain entity recognition. Moreover, we
detailedly describe the pre-training process that the denoising autoencoder of text window based on
neuron language model makes and the construction process of deep network on nonferrous metal entity
recognition. Finally, to validate the method’s effectiveness, we make some experiments of entity
recognition on several entity types, such as product names, mineral names and place names in
nonferrous metal domain. The experimental results show that the proposed model has good effect on

the entity recognition of the professional domain.

Key words field of nonferrous metal; deep neural network (DNN); word embeddings; denoising
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Fig. 1 DNN architecture of entity recognition in the

field of nonferrous metal.
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Fig. 2 Embeddings vector of Chinese characters.
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Fig. 3 Example of text window DAE based on neural

language model.
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MR 3 T LUE L DL RRE (DNN°-CE) 5 14 i
embeddings [n] & ¥ DL 18] 5§ fiE (DNN°-WE) 14 i 1Y
embeddings [a] 5 fE A7 R & & G809 PR I &R O
Hb I T A 4 T8 U R iE (DNN-CEy , DNN°-
WEy) B U RCR B AR 3G i 46 5 4 71E (DNN°-CE,
DNN°’-WE) iy #5 71 31 51 %5 3 43 5 42 '/ 7 0. 39 Fil
0.59 A~E 4 M.

KU 3. A A A A B2 B0 DNN S X 38 5
g5 5 L.

SEH 3 SR T DNN LR ih JAT R A 1Y [ )2 8K
Xof SRR IR 1Y 52 MR S A5 R AR 4 Prs. R
A T LU L B G DNN B AL b 5 280 5 Y 39 A0, B
AR I RORTE A W 52 /&1 5 >4 B 2 B0 2 4 A4~ &
JEEE TR 0 2 5 BOBRL I 2R 0 B ) T AR

SRR AR .ty T WA 3 A B AR R
RE 3K B A4 1 RO 5 W] i 8 B 1 DNIN A8 Y 3 3t 981
Ik B 32 > FRAE A3 72 b o ] 2 A B2 9 RR AR
7S AH L B B2 B A 8 I 45 A5 TR0 R i MR B A AL
Y R AIE.

Table 4  Performance of Entity Recognition with Different
Numbers of DNN Hidden Layers

*4 EBFFEAREHA DNNEEDRLEREE %

Model P R Fy
DNN!-CEy 78.42 85. 86 80.97
DNNZ-CEy 80. 27 86. 55 82.45
DNN?-CEy 81.47 83.68 83.68
DNN*-CEy 81.48 86. 00 83.69

SROE 4. BRUZ A 5 R0 B S AU ROR R
M F) HE 4K

LG 4 B H A B0 IE DNN P JZ R i A4
JZ BT R A BN AT 0 4 T AR S A TR ROCR B
M. 2= v DR B 22 AN T R TC RE Ik B e B B SOR 7
N T ISR, AT DNN AR R — A4S B
A 2 AR L U TP 1Y S BT RO 300 72 7 1
#1800 Y A - SEHREERANZE 5 PR

Table 5  Performance of Entity Recognition with Different
Node Unit Numbers in Hidden Layers

£S5 RIEREPT AT EX SRR M

%
Model P R F,
DNN!-CEy +300U 77.68 82.19 79. 87
DNN!'-CEy+600U 78.47 83. 46 80. 89
DNN!-CEy+900U 78.59 83.50 80. 97
DNN!-CEy +1200U 78. 36 83.61 80. 90
DNN!-CEy+1500U 77.69 82.13 79. 85
DNN!-CEy+1800U 77.46 82.31 79. 81

M S AU L S B 1y BN 300
AT RN E] 600,900 H 52 50 RO AE AR Wi i 5 H
M 900 H#E I F] 1200,1500,1 800 K, 5 56 550 3R #F &
W RREAR. p T L AR FRATTHR Y R AR R,
FATTROH X T 6 A B R R RESE IR £ .
ABEW D K2 I8 A K 2 BT RE 2 5 Ok — SE
LA B 3G oK 22 7T BE 22 5 8085 15 8 1T HL 1Y S8k
S0 2> T OB RL I 2R 52 2% B K B2 T R A
Y 1 BE.
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KI5, A (G5 R AT A 8 LA B U 45 SR Y
FEEL.
SR 1~4 Bk T IRATAIR A 3 A RE .
I HLERJZ T 58 900 I SE 80 SCR SR IF . e AR 52
BAE KA R AF T B X A 2R SR IR B BCR AT T
PO, SRR 45 R K 6 fron
Table 6 Performance of Entity Recognition of Different
Types in the Field of Nonferrous Metal
x6 FEEBIHESEIFIRANER %

Entity Types of

Nonferrous Metal P K Fl
Products 76. 31 80. 38 78.29
Organizations 84.59 89. 07 86. 77
Mines 80.19 84. 33 82.21
Mineral Placenames 85. 47 89.52 87.45

M 6 TLLE WA AR 7 4 S AR
ROR I Fy A6 R 87, 45% 5 A 0 42 J& 2H 21 P # 52
HARBIBCR R Z . F (H o4 86. 77% s i A {4 J&@ 7=
i SRR AR B 225 L Fy (B R 78,29 %0, D R AT g
Py SR R R I R M N SR R R AR T e 3O
TR A B S ) SRR AR o R TR 8R4 5 ik T
A 04 8 7 S ISR IR AL R 4 T R
JE TR LA 04 AL G W SR BT BE R AT A
04 JE AL A W SE R RIS S RIS | S A A A S 1A
gk E AL (VK-LOSO) EIE & e m 445,
1 24 S AR LU0 R AR X K

RO SRR B A AT R AN
2 A3 4 2 SR PUINNAT 55 1 I 43 1R A RN =
B = R ORI A U G A S [R] 8, B T — AR
TR M 25 I 45 K I A 0 4 S 4 S R TR i) A
A, FIH embeddings 1] [a] & 2 7R 77 75 4 R IR H A
A T SCFAFHEAT ) AL RN A AU e T R AR
Hi (1 one hot [ R 7R A7 7E 1Y 7] L F) I M &1k 5
PRI 25 T 36 ) B 23 1 SCAS 7 11 i M 1 8 0 ) 4 A5
RUHEAT 2 2 W S5 o AT 8500 D T AT €0 4 J T S AR
PURNMAE 55 FRAE SR B R) A S50 25 R 0, FRAT T4t 1)
BRI H Fy B AR Fb CRFs B & BP i 22 [ 4% 455 77
B F A B4R E T 1,09 AN E 4 AR 1.9 AN E 4
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